ABSTRACT Cubic spline function was used in a genetic evaluation to model the change of yolk proportion over the lay life. A total of 19,862 yolk proportion records of 2,324 hens was used. The evaluated submodels consisted of 3 to 6 knot models. The same knots were fitted for genetic and permanent environmental splines. The residual effects were specified to be independently and normally distributed, but with heterogeneous variance for each test week. (Co)variance components were estimated by the average information restricted maximum likelihood (AIREML) method. The best fitting random regression model (RRM) was a submodel with 4 knots at 32, 36, 52, and 72 wk of age for genetic and permanent environmental effects. The estimate of genetic variance was larger than that of permanent environmental variance at the same time point. The heritability of yolk proportion ranged from 0.32 to 0.55, and the repeatability ranged between 0.45 and 0.73. The genetic correlations between test wk were from moderate to unity. To the best of our knowledge, this was the first report on the use of a RRM to evaluate yolk proportion. The results of this study showed that random regression models with the spline function could be used for improvement of yolk proportion.
INTRODUCTION
In recent years, there has been an increasing interest in eggs with a high yolk proportion that could be of benefit to industrially processed egg production (Icken et al., 2014) , and they are marketable in China (Lu et al., 2014) . Many studies have shown that consumption of dietary cholesterol and egg yolks are harmless to healthy humans (see review (Fernandez, 2006; Nakamura et al., 2006) ). To match the market demand, it is required that breeding for yolk proportions is improved. Previous selection trials provide evidence that it is possible to obtain genetic gains in yolk proportion (Hartmann et al., 2000; Miyoshi and Mitsumoto, 1980) . However, genetic parameters on yolk proportions are documented in few papers, which are limited in their breeding applications.
The yolk proportion is influenced by environmental and genetic factors. Several studies report that genetic background affects egg component ratios (Hocking et al., 2003; Lieboldt et al., 2015; Marion et al., 1964) . Furthermore, Jaff (1964) reported that the heritability on yolk proportion was 0.20 ± 0.08 (32 wk) using a commercial strain of White Leghorn. Hartmann et al. (2003) found that the heritability was 0.33 ± 0.0 3 (30 wk) using a White Leghorn strain selected for egg C 2017 Poultry Science Association Inc. Received July 16, 2016. Accepted September 13, 2017. 1 Corresponding author: kehua wang@126.com mass. Icken et al. (2014) found that, unlike previous studies, yolk proportion exhibited a high heritability (0.44 ± 0.04) estimated on a pure line (25 to 48 wk). The aforementioned heritability studies could not reveal the dynamic changes throughout a hen's lay because genetic variance was estimated at a single time point. As a longitudinal measurement, the genetic component of yolk proportion could be modeled by a random regression method.
With the random regression model (RRM), measurement on a time point serves as control for other time points on the same individual. Phenotypic values at different ages are no longer standardized for a specific age. The number of parameters is less than that of multi-trait animal models. Simplification of the genetic model could obtain more accurate parameters than in multi-trait models (Meyer, 2004) . Therefore, random regression on longitudinal data has the advantage of studying change and increasing statistical power (Hedeker and Gibbons, 2006) . In general, RRM could be grouped into 2 classes based on the function used: (i) orthogonal Legendre polynomial and (ii) linear spline. Given the piecewise nature of spline bases, extreme issues associated with Legendre polynomials can be avoided. Therefore, the spline function was selected to carry out genetic analysis. The purpose of this study was to estimate the genetic parameters of yolk-albumen proportion with a random regression spline model. This could allow a more accurate interpretation of the dynamic changes of this economically important trait.
3852

MATERIALS AND METHODS
Animals and Data
The fowls used in this study were obtained from a crossbred population of White Leghorn and Dongxiang blue-shelled layers between 2011 and 2014. These 2 breeds are known to differ in terms of their eggshell quality and egg production. Chicks were vent sexed, wing-banded, and vaccinated for Marek's disease on d zero. In the first wk after hatching, the chicks were given artificial illumination for 24 hours. The photoperiod was then decreased by one h/week until 9 h of light were provided. Hens were continued on natural light until they were transferred to single-hen cages at 16 wk of age. The light treatment was then gradually increased by one h per wk until 16 h of light were provided. The laying mash contained 16.5% crude protein and provided 2,750 kcal of metabolizable energy/kg. Eggs were collected on 5 consecutive d in the test week.
Eggshell thickness was measured daily, and the average based on 3 or 2 eggs (if a hen laid only 2 eggs during test wk) was used as the value for each hen. The records were discarded if hens laid a single egg in the test week. There were up to 10 examinations, which were defined as: once every 4 wk between 32 and 60 wk of age, followed by measurements at 66 and 72 wk of age. The egg weight was obtained with an Egg Analyzer (model EA-01, Orka Food Technology Ltd, Ramat Hasharon, Israel). Yolk weight was measured on an electronic balance (model JY10001, Liangping co., Shanghai, China). Yolk proportion was the ratio of yolk:egg weight.
The original dataset comprised 19,862 records from 2,324 individual fowl. Hens with <5 records were omitted due to the degree of completeness. Only the most extreme values were removed from the analysis (i.e., values that varied by +3 and -3 standard deviations from the mean), whereas the moderate extreme values were retained according to the suggestion that these values may occur simply due to large sampling errors (Schmidt and Hunter, 2014) . Finally, 19,313 records on 2,193 hens were used to estimate genetic parameters.
The pedigree file had 3 fields for the identification of an individual, its sire, and dam. The pedigree in this study included 2,417 animals. The pedigree dataset harbored the genetic groups that represented different breeds. Therefore, the "!GROUP" qualifier was indicated after pedigree file in the script file.
Statistical Analysis
The Box-Cox transformation was performed using forecast package 7.1 (Hyndman and Athanasopoulos, 2014) . To search for an optimal lambda set, we tested their values from −1 to 2. The software suggested a best lambda value of 0.5 for transformation. Therefore, the formula actually works as:
For the spline RRM, yolk proportion was expressed as the function of age in wk of the test. The spline function was modeled as a smooth curve over an interval formed by linked pieces of cubic polynomials at assigned knots. The model included 2 random parts, one for the direct genetic effect and another that accounts for the permanent environment effect. The same number and location of knots were modeled for these random effects. Fixed effects were batch, wk, and a spline term on test weeks. The model was expressed as:
Where: y ij was the yolk proportion of hen i on test j th wk, q the number of knots, F represents the fixed effects pertaining to y ij , a i0 represents the intercept for hen i, a i1 represents the slope for hen i and a il represents the estimate for the spline coefficient of hen i at knot point l, p i0 represents the intercept for permanent environment i, p i1 represents the slope for the permanent environment i and p il represents the estimate for the spline of the permanent environment i at knot l, z l (t ij ) are the random spline coefficients for age t ij , t ij was the age at which egg and yolk weights were measured, and e ij was the residual error pertaining to y ij . Data were divided into 10 periods, and residual variance was assigned to be heterogeneous based upon the test events. For good representation of yolk proportion evolution, locations at extreme ages in the dataset used were assigned to knots. Based on the results from a multivariate model, 2 time points were harbored in knots set; one was knot on 52 wk on which the peak of genetic variance, and the other was the turn on the early lay phase. All genetic analyses were performed with the REML method using the ASReml package version 4.1 (Gilmour et al., 2014) .
RESULTS
Data Description
As shown in Figure 1 , Dongxiang blue-shelled chickens, which were one of the parent lines, had a higher yolk proportion than White Leghorn. The progeny, both F1 and F2, had a median value of 0.3. We also found that the observations were sampled from a symmetric distribution and that there were very few moderate outliers. The median value of yolk proportion increased as age increased, as shown by the upper and lower quartiles. After 50 wk, the values gradually declined. The batch of hatchings and age on the test had a highly significant fixed effect according to ASReml analyses. The coefficient of variation was highest in wk 72. The magnitude of the coefficient variation was higher during the later laying phase than the early phase. Because of the involvement of 2 traits and the requirement of normal distribution, observed data were Box-Cox transformed. A transformation with optimal parameter λ = 0.5 had been carried out on the dataset. This transformation corresponded to a square root of the original data.
Component Variances
The analysis on the transformed data did not converge after 5 restarts. To avoid numerical problems, which software treats very small values as zero, each transformed value on yolk proportion was multiplied by 100, and then required little computional time to reach convergence. In total, 10 models were fitted to the data, and a description of each plus the information criterion are given in Table 1 . The Akaike information criterion (AIC) and Bayesian information criterion (BIC) tended to drop with increased knots, but more knots would mean more parameters to estimate, and over-parameterized models would lead to unreliable results. To select the number and locations of knots, we followed the strategy of Misztal (2006) : i) The model should bracket all the extreme time points in the data; and ii) correlation coefficients between adjacent knots should be not less than 0.6. Finally, a submodel with knots at 32, 36, 52, and 72 wk was assigned as the best model (Table 2) . Estimates of (co)variance components for selected time points and their standard error for additive genetic, permanent environmental, and residual effects are summarized in Table 2 . The genetic variance at the start decreased slightly and then increased continuously until the termination of the test. It was noticed that during the middle section of the lay (approximately the start of wk 52), the estimate of genetic variance slowly increased over 10 wk (Figure 2 ). The genetic variance was larger than the permanent environmental variance at the same time point. Estimated residual variance varied from 27 to 55% of the total variance. The phenotypic variance was lowest at the start of the test and varied over the lay, reaching the highest level at the termination. 
Genetic Parameters
The heritability and repeatability estimated with spline function are presented in Table 2 . The heritability dropped from wk 32 to 36 due to reduced genetic variance and increased residual variance. Then, the mean heritability from wk 36 to 60 was maintained between 0.45 and 0.55 and reduced until the end of test. The trend of repeatability appeared similar to that of heritability. However, standard error on repeatability was less than that of heritability. Table 3 summarizes genetic and phenotypic correlations between yolk proportion at 32 and 72 wk of age. As expected, genetic correlations on adjacent test wk were high (>0.95) and reduced as intervals increased, with some exceptions. Phenotypic correlations on adjacent wk ages were lower than genetic correlations. They also decreased when the age interval increased, with a minimum of 0.43 between 36 and 72 wk and a maximum of 0.7 between 52 and 56 weeks. Variance components estimated with the multivariate model are shown in Table 2 . The heritabilities from multivariate analyses were similar to the results from the spline function except for the late laying phase. For the late laying phase, the multivariate estimates were larger than the estimates from the RRM with the spline function. The permanent environmental correlations were similar in magnitude to the corresponding genetic correlations (see Table S1 in supplemental materials). The standard error of heritability and repeatability in random regression analyses was smaller than that of the multivariate study.
DISCUSSION
In layer studies, the interest in yolk proportion has increased due to egg processing demands and the consumption habits of customers. Considering high yolk proportion during 40 to 66 wk, it is better to use eggs in these ages for processing production. To select a layer line with high yolk proportions, genetic parameters and models on this trait have to be obtained. This is the first genetic evaluation of yolk proportion with a RRM. The primary benefits of RRM are that there are fewer parameters assigned to model the phenotypic value and smoother covariance estimates, and genetic and permanent environmental variances are traced with infinite dimensions. RRM is used to evaluate the test d record, growth traits, and egg production (see review [Schaeffer, 2004] ). This study appreciated that random regression using spline function could be applied to evaluate the yolk proportion.
The shape of the genetic variance curve dropped from 32 to 36 wk, which could be explained by a geneticenvironmental interaction at the beginning of the lay and variation of age at the first egg. Previous studies have provided evidence that both lighting programs and feedstuff had an obvious influence on the yolk proportion (Bouvarel et al., 2010; Petersen et al., 1986) . At the start of the lay, hens suffered impacts from these environmental factors. It was impossible to dissect the genetic variance from the genetic-environmental interaction accurately. Additionally, differences in ages at the first egg could lead to higher genetic variance. Although parent flocks had been selected for several generations in housed farms, they expressed obvious asynchronization in sexual maturity. Some studies have reported that yolk proportion increases with hen age (Rizzi and Chiericato, 2005; Rossi and Pompei, 1995) . A moderate heritability on yolk proportion was in a similar range as estimated by Icken et al. (2014) , but slightly higher than those reported by Hartmann et al. (2000) . In contrast with these studies, we estimated the genetic parameters for yolk proportion with longitudinal measurements.
Although more knots usually improved goodness of fit during model optimization, there were several issues associated with them. The genetic variance curve would be more oscillatory than that of modeling with lower knots, which leads to higher values at the endpoints of the lay. This pattern was similar to that observed when Legendre polynomials were used to embed the time function Pool et al., 2000) . In addition, spline models with fewer knots were computationally more feasible than more knots models because more parameters increased computational demand and convergence difficulties. Finally, the more knots that were used, the less accurately they were estimated, because fewer records are available for each estimate.
Animal permanent environmental effects contribute to a smaller arbitration of variance components over the lay. This changing pattern of permanent environmental variance in the F1 and F2 generations fitted the rhythm of the natural d length. The total of these 2 flocks approached 1,974, and accounted for 90% of the resource population. Although artificial light had been used, the natural light/dark cycle could have an influence on the yolk proportion through doors, windows, and exhaust fans. This meant that the environmental effect on yolk proportion was considerable, and it should not be assumed that it will be fixed over the lay life.
The residual variances are assumed heterogeneous over the laying life, and they fluctuated around a value of 5.2 across the middle lay stage and sharply increased at the end of lay. Luo et al. (2007) reported a similar result using RRM. From our results, it seemed that the self-control function gradually reduced during the termination of laying, which led to the larger error variances. The fluctuation in the residual variances could be explained by seasonal variations (Meyer, 2000) , body condition , and egg-laying intervals. Because these factors did not affect egg production in the same pattern, it was necessary to treat the residual variance as the heterogeneous classes.
CONCLUSIONS
The application of a RRM in yolk proportion of laying hens appeared to be promising. It can effectively model the pattern of genetic changes even when missing values exist. The implementation of the RRM allows the genetic evaluation of yolk proportion and could provide helpful information for breeders to omit pre-adjustment on records and obtain an accurate estimate of genetic merit. The estimates of genetic correlation among test wk were above 0.8. In practice, it appeared that measurement on one time point was enough to predict genetic merit of chickens. Considering the optimal number and place of knots needed, we recommended that the yolk proportion should be measured on 2 extreme ages and at 52 wk old.
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